To develop a set of food groups for use in a self-administered, computer-assisted diet history interview for use in Australia by combining foods into groups so as to minimize database error in the macronutrient values for the groups. The program needs to appropriately balance the level of detail used with the load on respondents and errors associated with categorization of foods into groups. Results: A database containing 433 food groups was created which minimised the level of database error in the resulting data collection.
INTRODUCTION

Traditional pen and paper dietary assessment methodology
The diet history interview is a common method for assessing dietary habits (Burke, 1947 , Tapsell et al., 2002 .. The interview is begins in an open-ended manner to allow patients to freely recall foods eaten, and is followed up with closed questions to gain necessary detail. Disadvantages of the diet history interview is the time taken to administer and the need for a skilled interviewer to facilitate the process (Monnier et al., 2001 ). In population survey research, a closed version known as a food frequency questionnaire (FFQ) is often used (Ocke et al., 1997) . Participants indicate the frequency of consumption of a defined list of foods. This technique has the advantage of requiring less time and fewer resources, however, accurate estimation of energy and nutrient intake is difficult due to the limited number of foods discussed and the error associated with the increased cognitive demands. A FFQ usually considers around 100 foods while in Australia nutrient data is available for over 4500 foods.
Automated dietary assessment methodology
Today, computing technology allows for various components of a dietary assessment to be automated. The use of computer-assisted interviews has the advantage of incorporating some of the benefits of both face-to-face interviews and the FFQ format while improving the time efficiency and processing speed. Computerassisted interviews are also well acceptance by participants (Knapp and Kirk, 2003, Weber et al., 2003) and can range from an interviewer-administered format where a dietitian or researcher asks all the questions and enters the responses into the computer, through to a self-administered format where the patient or participant reads or listen to the questions and enters the responses into the computer themselves.
The creation of a computer-assisted diet history website, known as DietAdvice, which contains a database of foods and associated nutrient profiles, was undertaken from -2005 (Probst et al., 2007 , Probst and Tapsell, 2007b . The website was developed to capture self-administered reporting of usual dietary intake.
Using the website, users complete an interview containing a large but fixed number of foods. The website was developed using a multiple pass approach in which the user is guided through food group based questions of increasing detail followed by portion size and frequency of consumption in the final pass.
The output variables of interest in this project were energy and macronutrient intakes. Using the system, individuals can complete an interview without the need for an interviewer. Upon completion of the assessment a dietitian is able to remotely access the site and develop individualised dietary advice. An integral part of this project was the choice of foods to include in the database and the nutrient profiles to be associated with them. The website needed to allow easy navigation by the participant and a reasonable interview time, whilst maintaining sufficient detail for analysis and minimising database error.
Database error from grouped food data
Although many types of error are associated with diet history interview, in this paper we focus on the error introduced when assigning a nutrient profile to a grouping of foods rather than using the nutrient composition information for individual food items (database error). This type of error occurs when several food items with similar but different nutrient profiles are grouped into a single aggregate item. The optimal nutrient profile for the group reflects the approximate composition of the component food items. However, as each user consumes different amounts of the foods within each food group and only the average composition of the food group is reported, database error is resultantly introduced.
To minimise database error, all ~4500 foods contained in the Australian nutrient database (NUTTAB 1995) were required. To an untrained user such a list of foods would be unworkable. Consequently, the aim of this study was to develop a hierarchical database containing a set of food groups for use in the DietAdvice database. The website needed to appropriately balance the level of detail used with the load on respondents and the database error in the energy and macronutrient intakes.
This goal was achieved by grouping similar food items and discarding rarely eaten items using several statistical techniques. This paper will also compare the food grouping system created with the one on which it was modelled (NNS95).
METHODS
A hierarchical database of foods was developed by grouping the food items from NNS95 into a smaller number of groups for use in the DietAdvice database. The food groups were created using iterations of hierarchical cluster analysis and stepwise regression to identify compositionally similar food items and to identify those groups which were important for understanding variation in the diets of individuals. After each iteration, the results were combined with the professional judgement of several dieticians to create a database which maintained sufficient detail to discriminate between different diets. Finally, association analysis was used to identify foods commonly reported with one another, to help identify a logical database structure. The database error associated with the final groups was then calculated. 
Statistical framework
In this study, individual rather than population estimates of the macronutrient and energy variables are required because the aim is to minimise the error associated with the use of food group based nutrient profiles for each individual completing the interview. The framework assumes that all foods which are eaten by the Australian population are categorised into P distinct items which can be partitioned into M separate groups in some fashion.. The k th food item in group j is denoted p jk , j=1,…,M; k=1,…,p j , creating a 2-level hierarchy of foods. The following sections describe how the P food items in NNS95 were divided into M groups for use in the DietAdvice database.
A standard 1g quantity of any food item contains a fixed number of kilojoules (kJ) of energy and a defined proportion of macronutrients, which contribute a fixed proportion of energy to the total energy of the food. Let the energy contained in 1g of food be denoted x jk , and assume the quantity is measured exactly. Presuming that for each individual i, i=1,...,n from the NNS95, the quantity of food item p jk eaten by individual i in a given 24 hour period is denoted w ijk . This quantity is also considered to be measured exactly for each individual in the sample, however in reality measurement and reporting errors will be present. Ignoring these potential errors, the total daily energy intake for person i, denoted Y i , is given by (1).
When food items are grouped for data collection purposes in the DietAdvice database, the energy content of each food item x jk in group j must be replaced with some kind of proxy X j for the whole group. One such proxy -the population unbiased, minimum variance estimator -of the average energy per group X j , is estimated by (2) for each group j=1,...,M. The term i π is the selection probability of the i th person in the NNS95 sample dataset. The estimator is the average of the energy content of a gram of each food in the group, weighted by the estimated population consumption of that food in grams. Using this estimator, the total daily energy intake for person i, is estimated by i Yˆ using (3).
The database error associated with aggregating foods into groups can be measured as a bias: a measure of the precision of estimation. For an estimator i Yˆ of Y i the bias is:
Similar results are obtained for each macronutrient and the percentage energy derived from each macronutrient. In these cases, x jk represents the grams or the proportion of energy from the macronutrient of interest respectively.
A complex sample design was utilised in NNS95 to obtain a sample of the Australian population, with varying selection probabilities. To obtain an unbiased estimator of population intake, the intake for each individual in the sample is weighted by the inverse of the probability of that person being selected, denoted i 
Cluster analysis
Cluster analysis is a widely used statistical technique that has been used for defining both food exposure patterns (Wirfalt et al., 2000) and for combining foods into groups (Akbay et al., 2000 , Windham et al., 1985 . In this study, hierarchical cluster analysis was used as a tool to help inform decision-makers of the compositional similarity between foods, so that foods which were compositionally most similar were grouped together. As some foods which are compositionally similar are conceptually dissimilar, for example custard and egg noodles, professional judgement was then used to identify conceptually similar foods (Probst and Tapsell, 2007a ).
There is no single approach to clustering techniques. Different clustering algorithms will give different results, some of which may be more appropriate for the given data. Cluster results are also dependent on the relative magnitude of the variables included in the analysis. For this project, three hierarchical clustering algorithms were applied to the food item data: average linkage, complete linkage and Ward's method (Johnson and Wichern, 2002) . For all techniques, Euclidean distance was used to measure similarity for each of the variables: total energy (kJ), protein (g), carbohydrate (g), PUFA (g), MUFA (g) and SFA (g),.All variables were standardised across the dataset to have a mean of zero and standard deviation of one.and were weighted equally with respect to the analysis. The inclusion of the three main types of fatty acids (rather than total fat) was necessary to help understand the relative fat composition in different groups. Due to the size of the NNS95 database, clustering was performed using subsets of data containing conceptually similar items. For example all types of cheese or bread.
Stepwise regression
Stepwise regression analysis (Johnson and Wichern, 2002) has been used successfully to identify food items to include in a FFQ (Shai et al., 2004) . In this project it was utilised to identify the food groups which are the best predictors of variability in intake for inclusion in the DietAdvice database.
In each analysis, the response variable was the total energy or macronutrient intake for each survey respondent (in kilojoules for energy and grams for the other macronutrients -carbohydrate, protein, total fat, SFA, MUFA and PUFA), or the percentage of energy derived from the macronutrient for each respondent. The predictor variables were all the food items or groups in the database (as the analysis was repeated for both the NNS95 and DietAdvice databases). For each individual, the value of each predictor variable was calculated as the total weight (in grams) of foods in the group that was consumed in the 24-hour recall interview.
In stepwise regression the initial model contains no predictors. During computation, predictor variables are added or deleted in a stepwise fashion using rules for inclusion until no more variables meet the criteria. The final regression equation then contains a subset of V statistically significant variables from the set of M possible predictors for that response.
New predictors were added if the predictor will produce the largest comparative increase in the F-statistic and a p-value ≤ 0.15.. Predictors were deleted when they produced a smaller increase in the F-statistic and a high p-value ≥ 0.15. For each regression, the R 2 value has been used to measure the strength of the relationship between a group of predictors and the response. This value is a measure of the correlation between Y and the best linear combination of the set of predictors W.
Association rules
Finally, to aid navigation through the database and to create reminders and prompts, an association analysis was conducted using the NNS95 food groups.
Association analysis (Witten and Frank, 2000) can identify the food items which are regularly eaten together at the same meal. Using the results of this analysis, foods commonly consumed together can be placed nearby one another in the food list, making them easy to find. Similarly, within the interview if one food (say cereal) is eaten, the associated foods (such as milk) can be highlighted in some way as a reminder. The use of association analysis in nutrition is not widely reported. Being a data mining tool, it is generally used to identify associations between large numbers of items contained in a database. In this analysis sample weights were not included, so the results reflect food habits in the sample rather than the population.
To generate association rules for the three main meals defined in the NNS95 (breakfast, lunch and dinner), the modified apriori algorithm was utilised (Witten and Frank, 2000) . The apriori algorithm comprises two main steps. Firstly it finds all groups of food items whose support is greater than the minimum support level (in this case 1% of transactions). These combinations are called frequent item sets. The algorithm uses the frequent item sets to generate the desired rules. The rules hold only if confidence is above the minimum confidence level chosen (50% in this case).
For the NNS95 data, the rules were generated for food groups. All analyses were completed using SAS/Stat Software (Version 8, Release 8.02, SAS Institute Inc. Cary, NC, USA).
RESULTS
Initial statistical analysis for food exclusion and hierarchy formation
The initial framework of the DietAdvice database was created from the NNS95 database. Of the 4500 food items included in the NNS95 database, only 4175
were consumed by individuals within the survey. The remaining 325 foods were immediately discarded. Food items in the NNS95 were categorised into various meals and snack groups and aggregated into the 370 groups from the third level of the NNS95 food hierarchy. Food groups consumed at each meal by less than 1% of the NNS95 sample were also discarded.
The basic key groups were then chosen from the most commonly consumed food groups in the NNS95 by energy content and by frequency of consumption for each meal. The top 10 groups for the three main meals by energy and frequency are shown in Table 1 . These tables were also created for individual food items to ensure that all important food items were included in the groups. Comparisons were made between the frequency based and energy based food lists to ensure that groups regularly appearing in lower positions in each list were also included in the new database. As a comparison, using the final DietAdvice database which contains 433 groups, shows the equivalent top food groups for the three main meals. [ TABLE 1 ]
Cluster analysis results
The results from analyses were presented in several ways. Dendrograms were produced to help identify food items or groups of food items within the 370 NNS95
food groups which did not appear to fit in the original (Probst and Tapsell, 2007a) . Tables showing possible options 
Regression results
In addition to capturing the main groups contributing to a persons intake of each macronutrient and energy, it was also desired that sufficient detail be maintained in the database, so that an understanding of the variation in intake between individuals could be identified.
To identify the foods that accounted for the greatest variation in individuals intakes of energy or the defined macronutrients, stepwise regression analysis for energy and each macronutrient intake was undertaken. Total energy or macronutrient intake were included as response variables and both food items and the 370 NNS95 groups defined previously were used as predictors. As an example of the results, Table 2 shows the 20 food groups from the NNS95 database which account for the greatest variation in energy intake. The food groups in Table 2 account for more than 50% of the variation in energy intake between individuals, as measured by the cumulative R 2 . For comparative purposes, the groups are also ranked on the basis of percentage contribution total intake. The ranks show that the foods which account for variation between individuals are also important in measuring total intake and so have generally already been included in the DietAdvice database. Similar results were created for each macronutrient of interest. The top 20 DietAdvice food groups which account for the greatest variation in energy intake. Compared with the NNS95 groups both the cumulative R 2 and total intake are lower for the DietAdvice food groups, which is to be expected with a greater number of groups in the database. However, the new food groups are more specific, generally containing more similar items than the NNS95 groups, so the DietAdvice groups better explain the food choices accounting for variation in diet. For example, it is the consumption of full fat icecream (rank 5 in the DietAdvice database) rather than ice-cream in general (rank 10 in NNS95) which explains a lot of variation in energy intake [INSERT TABLE 2] . Table 3 shows the cumulative R 2 obtained from stepwise regression using macronutrients and percentage energy from each macronutrients as a response.
Cumulative R 2 is a measure of the percentage variation in consumption of each macronutrient and energy which can be explained by the 370 NNS95 food groups compared with the original ~4500 individual food items. In all cases variations in diet with regard to the components of fat are the most difficult to capture when using food groups instead of individual items. However, considerable variability can still be explained when only the 50 groups accounting for the greatest variability in individuals diets are included in the analysis. This suggests that some groups act as a proxy measure for a particular type of diet. 
Assessment of error due to food grouping
An assessment of the error associated with grouping foods into the 433 groups in the DietAdvice database and the 370 groups in the NNS95 database rather than including all 4500 food items was undertaken. Box plots of the percentage bias and absolute bias for each macronutrient of interest for each decile of the population estimated from the NNS95 were created.
Comparing the percentage bias introduced by using food groupings several interesting features can be identified. The levels of error are all lower for the DietAdvice groups compared with NNS95 groups, suggesting that regrouping the data has been successful in reducing this error. Also, average percentage bias remains relatively constant for each decile of the population, suggesting that those with generally low or high intakes of particular macronutrients are not adversely affected by grouping. Finally, it can be seen that for all deciles except decile 1 the average level of bias is less than 5% for energy, protein and carbohydrate and less than 10%
for total fat.
The mean, median, standard deviation and 95% quantile of the percentage bias are shown in Table 4 for each macronutrient. In all cases the difference between the mean and median show that the distribution of bias is skewed and there are some large outliers. In general the bias is improved when using the DietAdvice groups. The reduction in database size from 4500 items to 433 groups has in many cases introduced a bias of less than 10%, although for some individuals significant biases
Assessment of associations between foods
The analysis of food associations resulted in a list of foods that are commonly eaten together. An example of the ten association rules with the greatest support for full fat milk is given in Table 5 . The first rule in Table 9 shows that sugar implies milk at breakfast. The rule is valid because 38.3% of the sample in NNS95 reported sugar consumption at breakfast and of those individuals who consumed sugar, 61.9% also consumed milk. Using professional judgement, this list was assessed by a number of dieticians and it was seen to be similar to food combinations reported in a traditional diet history interview. [INSERT 
DISCUSSION
The final structure of the database was a two tier hierarchy containing 433
groups. The formation of the groups was informed by the statistical analysis described
here, but also involved some professional judgement on the part of trained dieticians to ensure that food groups were clearly identifiable to untrained respondents. In a subsequent step, food names were adjusted to ensure usability of the food lists and face validity testing was performed by employing trained professionals unrelated to the project and asking them to construct food lists that they believe comprise the Australian diet and may be addressed during a traditional diet history interview. The resultant documents were used to cross-check the hierarchical framework and ensure common food items were not missing and the most common names had been used.
Following completion of the hierarchical framework further reduction of the food groups occurred during the development of the user interface. Following advice and expertise of web and graphic designers some food groups needed to be separated further to allow friendly on-screen display. This data has been reported elsewhere (Probst and Tapsell, 2007a) .
The greatest advantage of the DietAdvice food database is that it combines a large number of food items into a reasonable number of foods groups to include in a computerised diet history interview. The foods are agglomerated in such a way that the most commonly eaten foods have the greatest influence on the macronutrient composition of the group and in this way the error due to grouping, which we have called database error, is reduced. The food groups successfully identify the main foods consumed and the foods responsible for the greatest variation in intake of the macronutrients of interest.
One significant disadvantage of the technique is that the nutrient values assigned to each food group are based on the NNS95. Due to its age, this data is potentially out-of-date which may affect interview results. However, considering the presence of other errors such as under-reporting and recall errors in this type of interview significant errors are not anticipated. In particular, the nutrient values for each food item are the latest available, it is only the relative weight placed on each food within each group that may be out of date. These issues can only be ameliorated by undertaking another large nutrition survey in Australia.
Although some database error was introduced by aggregating food items into groups, the magnitude of the errors was reasonable considering other error sources.A final benefit to the process is an understanding of the level of error introduced into an individual's diet by replacing individual foods with aggregated groups. Collection of an individual's diet history and measurement of energy and macro-nutrient intake using computerised technologies will improve the efficiency of dietary assessment techniques and also all for further work in this area to elucidate the level of error associated with reporting of different groups of foods.
